Abstract. Stereological procedures to quantify mean nuclear volume are commonly used to differentiate cancerous from normal tissue. Automatic quantification of these parameters requires segmentation, which is complicated by the variability in tissue staining and nuclei size. One solution to deal with such alterations in a robust fashion is to use an ensemble of segmentation methods. The goal of this work is to demonstrate the use of an ensemble of simple segmentors in a novel way to improve the performance achieved by the individual segmentors. The contributions of this paper are three fold: applying an ensemble on the blob level in addition to the image level, utilizing the image level ensemble to accept or reject input images based on their segmentation quality and finally applying the ensembles for discriminating cancer and normal classes. Hematoxylin and eosin (H&E) stained sections from archival tissues from the normal cervix and cervical cancer have been used as the dataset. The results presented here show that both levels of ensembles enable clear class separability as compared to the individual segmentors, and thus demonstrate the effectiveness of the proposed ensemble framework.
Introduction
Subjective examination of tissue and cytology specimens by experts remains the current approach for the diagnosis, treatment and prognostic assessment of cervical cancer. However, these approaches suffer from poor inter-rater reliability, rater fatigue, and the morbidity associated with false negatives and false positives [1] . Unbiased stereological approaches have the potential to strongly enhance expert-based clinical decisions with accurate assessments of first-order (number, length, surface area, volume) and second-order (spatial distribution, clustering, anisotropy) parameters. The application of automatic stereological quantification requires an initial first segmentation step, which is complicated by high variability between microscopy images, uneven staining and cell/nuclei population [2] . This initial segmentation when applied to a sufficient number of images from cancer and normal tissue has been shown to reveal biological differences, if present. To provide robust segmentation for catering to the diverse image types, recent developments in segmentation favor an ensemble approach with multiple segmentors rather than a single segmentation algorithm [3] [4] [5] [6] [7] [8] [9] [10] . For this study an ensemble of segmentations is applied to microscopy images from cervical cancer and normal tissue. Since staining is used to differentiate the various cell parts, intensity thresholding qualifies as an obvious and a reliable segmentation method [12] [13] . Otsu thresholding [11] , an automatic, non parametric and unsupervised method to find the threshold value, is used widely because of its simplicity and stability. Our approach uses a simple ensemble created from applying three-class Otsu followed by a series of morphological operations. Although previous studies apply ensemble of segmentations mainly for parameter tuning [14] [15] and optimal algorithm search, here we use the approach for a novel application. Our ensemble of segmentations is used to accept or reject images depending on their segmentation quality. Since the final analysis is based on stereological estimates, it is sufficient to use a subset of images for quantitative analysis. The final goal is to make unbiased estimates of a first-order stereology parameter (mean nuclear volume) for segmented nuclei from normal and cancer tissue. Thus an ensemble of segmentations was applied per segmented blob (nucleus) in addition to an image level ensemble which is the focus of most of the work in this field. The algorithm proposed in this paper is designed to test the hypothesis that cancer nuclei (blobs) will be on average larger than normal nuclei. The methodology (Section 2) begins with an outline of the proposed approach including a detailed description of the algorithm, followed by a description of data acquisition, the experimentation and the results (Section 3) and finally the conclusion (Section 4).
Methodology
The ensemble framework has two main parts individual segmentation methods and the application of the ensemble at two different levels: the image level and the blob level. The algorithm starts with an initial screening of input images based on pixel intensity, followed by its segmentation using individual segmentations and then a second level of image screening based on the size of the largest segmented nuclei, which we will call a blob. The algorithm can then be divided into two independent levels of ensemble, the image level and the blob level. The image level ensemble has been utilized here to accept or reject images based on the similarities among the segmentations. For the accepted image, the multiple segmentations are then combined to generate the final segmentation. At the blob level ensemble, the final segmentation is generated by accepting or rejecting the blobs from all the segmentations. The final set of segmented blobs from both the ensemble levels is then used independently for mean nuclear line length calculation to discriminate between cancer and normal cases. The general overview of the proposed ensemble framework is depicted in Figure 1 .
Ensemble Components
Individual Segmentors. The original RGB microscopy images are converted to gray level images using a Karhunen-Loeve transform. This is followed by a three class (nuclei, cytoplasm and backgound) Otsu thresholding, which works to minimize the intra class variance and maximize the inter class variance, to detect objects of interest (nuclei). After applying the three class Otsu threshold algorithm on the gray level image, the class of pixels whose original average color is closest to the target color is selected as the foreground and the rest as background. The target color is determined by the observed stain and must be adjusted if the stain is changed.In addition to Otsu thresholding, morphological operations are applied to enhance the segmentation issues due to overlapped and partial segmented regions. For example erosion might be necessary to separate overlapped segmented regions, dialation and fill hole operations can be used to expand foreground pixels and fill interior holes respectively to rectify the problem of partially segmented regions and the opening operation could be used to remove small foreground regions that may be falsely detected as objects. Different combinations of Otsu and such morphological operations form the four individual segmentors in the ensemble and are listed below:
Segmentor 1: It starts with three class Otsu, followed by morphological opening and then a fill hole operation. Segmentor 2: For cases where target nuclei is classfied as either of the other two classes due to low intensity variation among the three classes, a second application of three class Otsu is performed.Then a morphological opening operation is done and the interior holes are filled. The top row of Figure 3 demonstrates different steps of segmentor 2. Segmentor 3: Cancer nuclei stain dark around nuclei edges; however, the area within the nuclei is lightly stained due to the presence of euchromatin which is the result of high cellular activity unlike normal cell nuclei which are darkly stained throughout due to the presence of heterochromatin. Thus in segmentor 3 edge detection is carried out on the original gray scale image which is then combined with the result from segmentor 1. Segmentor 4: It starts with three class Otsu followed by edge detection, dilation and then a fill hole operation.
In cancer tissues, the cancer cells are actively replicating DNA for cell division as well as actively transcribing DNA for cell growth, processes which are uncommon in normal cells. Typically a cancer biopsy contains a mixture of normal as well as cancer cells. If the smaller normal nuclei (blobs) are retained and classified as cancer nuclei, then the accuracy of the algorithm may be affected. In order to prevent this, a connected component analysis is done after each segmentation and the connected components (nuclei blobs) smaller than MinBlobSize 
Different Ensemble Levels
A consensus function is used to combine the results from individual segmentors to get the final result and is the most important step in an ensemble framework. In this paper the ensemble has been applied on both the image and blob level. In the former case the ensemble is also applied for image acceptance/rejection depending on their segmentation quality. While at the blob level, the final segmentation is generated by accepting and rejecting blobs from all the segmentations.
Image Level Ensemble. The first step of the image level ensemble is to accept/reject the images and the second step is to combine the multiple segmentation results based on some consensus function for the accepted images to get the final segmentation. The principle used to achieve the first step is based on the argument that a similarity among at least three of the total four individual segmentations (of a particular image), indicates a good, acceptable segmentation and vice versa. Two approaches are used here to calculate this similarity, accept/reject images based on it, and achieve the final segmentation from the ensemble.
The first step for both the approaches is to consider all the combinations of the four segmentation methods taken three at a time. Let the four individual segmentations be S 1 ,S 2 , S 3 and S 4 , and their combinations are C 1 (S 1 ,S 2 ,S 3 ),C 2 (S 1 ,S 2 ,S 4 ),C 3 (S 1 ,S 3 ,S 4 ) and C 4 (S 4 ,S 2 ,S 3 ).
In ensemble approach 1, for each combination a single similarity ratio is calculated taking the three segmentations at a time. While in ensemble approach 2, for each combination three similarity ratios are calculated between the three pairs of segmentations. 
Ensemble approach 1
Step 1: Similarity among three segmentations S a ,S b and S c in a combination C k is calculated by the following formula for all C 1 ,C 2 , C 3 and C 4 .
Step 2: The maximum-Max of the four ThreeSimilarity values is selected
Step 3: If M ax ImgSimT hresh (pre defined threshold) accept the image, choose the corresponding combination, and conduct step 4 else reject the image. Figures 2 (a-d) shows an example of an image rejected through this criteria.
Step 4: For the selected combination C k (satisfying the above condition) get the pair-wise similarities between each of the three pairs of segmentations within that combination-PairSimilarity.
Step 5: For each of the segmentations in the combination, get the average of the pair-wise similarities calculated between this and the other two segmentations, Avg. Select the segmentation which has the highest Avg value as the final segmentation. The middle row of Figure 3 demonstrates this approach.
Ensemble approach 2
Step 1: For a combination C k get the pair-wise similarities between each of the three pairs of segmentations (as described in step 4 of the previous approach), select the minimum pairwise similarity Min and also calculate average of the three pair-wise similarities AvgSim Step 2: Accept the image if Min (from all the four combinations) > ImgSim Thresh and choose the combination with maximum AvgSim, else reject the image.
Step 3: For the selected combination, the final segmentation is generated by taking the intersection of the three segmentations within that combination:
Blob Level Ensemble. A blob (nuclei) is retained if it appears in at least three segmentations; two blobs are assumed to represent the same nucleus if they pass the following criterion (The bottom row of Figure 3 shows an example of the blob level ensemble).
Co linearity check: If the distance between the blob centroids < CentDist, then they are considered to represent the same nucleus. Area overlap check: If the area overlap between two blobs BlobSimT hresh then it is considered to represent the same nucleus. 
Volume Estimation
Because the nuclei of many cancers are on average larger than nuclei from normal cells, mean nuclear volume (MNV) is often an important feature to discriminate between the cancer and normal classes. Here stereological methods are applied to obtain MNV estimates for the segmented nuclei (blobs). Because a pointsampled intercept is automatically used to sample segmented nuclei for the MNV estimate, the estimator is termed volume-weighted mean nuclear volume (PSIVv) [16] . The three main steps involved for estimating PSI-Vv are placement of a point-grid for point sampled intercept (PSI) sampling; collection of line lengths (l ) across sampled nuclei (shown in the top-row of Figure 4) ; and computation of PSI-Vv from the formula given below. The top-row in Figure 4 , shows the steps involved for volume estimation.
, where N=total number of nuclei sampled by PSI in the region of interest (ROI).
Results and Discussion

Data Acquisition
The data were acquired using an integrated hardware-software-microscope system (Stereologer, Stereology Resource Center, Inc. Tampa-St. Petersburg, Fl.).
The source of the input was archived cervical tissue from a cone biopsy or surgery sectioned at 6 um and stained with hematoxylin and eosin (H&E) at the Moffitt cancer center. Data were acquired by placing the tissue sample/ biopsy slide with normal or cancer (squamous cell carcinoma) tissue under the microscope. For data acquisition the automatic XYZ stepping motor and Stereologer software were used to manually outline a ROI at low magnification. Within each ROI a minimum of 300 2-D images were captured over a single focal plane at 40x magnification.
Dataset
Images were acquired from 29 individual biopsy slides/cases, 14 normal and 15 cancerous cases. The tissue was stained to enhance the signal to noise ratio (SNR) of cell nuclei, which are the objects of interest. Some of the cases were removed after a visual screening if they had either poor acquisition quality or are complicated images (images with a large number of overlapped cells, high variation in background intensity). For the final data collection, a total of 13 cases were used, 6 normal and 7 cancer case. There are a total of 4106 and 6145 images of normal and cancer tissues, respectively, and each image has a resolution of 759 X 1138.The middle and bottom row in Figure 4 shows examples of visually acceptable and unacceptable cases respectively. 
Results
Mean line lengths calculated from the segmented nuclei acquired from the ensembles were used to calculate the volume (PSI-Vv) as discussed in Section 2.3. Through different experiments (parameter settings), the potential of PSI-Vv to discriminate cancer from normal cases was explored. The degree of separability, S, between the two classes with means µ 1 (for Normal class) and µ 2 (for Cancer Class) and standard deviations Stddev 1 (Normal Class) and Stddev 2 , (Cancer Class) was calculated using the following formula and used to compare different experiments. This degree of separability should be more than 0 for potential separation between two classes. S = |µ 2 
Since in the image level ensemble there is an additional image accept/reject stage unlike the non ensemble case and the blob level ensemble, the total number of final segmented images generated from the image level ensemble (3612 normal and 4440 cancer images) varies from that generated through the latter two scenarios (3910 normal and 4472 cancer images). Also, both image level ensembles accept/reject images in different ways and thus produce slightly different numbers of final segmented images. Results from the image level ensembles, the blob level ensemble and individual segmentators (Seg1, Seg2, Seg3, Seg4) are reported here.
Three parameters-ImgSimThresh, MaxBlobSize and MinBlobSize were varied to conduct different sets of experiments. A thorough parameter exploration was not done as the parameter selection was done manually. Though different sets of parameter values were used for experimentation, only two such sets are reported for the image level ensemble, as they provided some significant observations. For the blob level ensemble only one experiment is reported. The performance evaluation of both levels of ensembles was done by comparing their degree of separability with that of the individual segmentations with the same parameter set. Since the objective of this work is to solely demonstrate the effectiveness of an ensemble, its performance has only been compared to the individual segmentors.
For the first set of experiments the parameters ImgSimThresh, MaxBlobSize and MinBlobSize have the values of 65% , 80000 and 1000 (Table 1 ) and, in the second set of experiments their values were 55%, 40000 and 4000 (Table  2) . At blob level ensemble the value of BlobSimThresh was set to 75%, while MaxBlobSize and MinBlobSize were set to 40000 and 4000 ( Table 2) . In all the sets of experiments it should be noted that ImgSimThresh is not applicable for the individual segmentations (it is only applicable for the ensembles).
In the first set of experiments (Table 1 ) the image level ensemble as well as the individual segmentations generated a negative value for the class Separability measure, thus indicating that they were unable to discriminate cancer from normal cases. However the image level ensembles performed better than the individual segmentations. In the second set of experiments (Table 2) better results were obtained overall by increasing the value for MinBlobSize. The algorithm proposed in this paper is designed to test the hypothesis that cancer nuclei will be on average larger than normal nuclei. To avoid diluting this effect in the cancer tissue, which can be a mixture of normal and cancer cells, we recommend primarily sampling the larger sized cells (> 4000) in sections from both normal and cancer tissue. The ensembles not only outperformed the individual segmentors, but were also able to clearly discriminate cancer from normal class. 
Conclusions
We have demonstrated the application of an ensemble of segmentations for the analysis of microscopy images from cervical cancer and normal tissue. A simple ensemble of three-class Otsu followed by morphological operations was used in the proposed algorithm. The ensemble approach was used for a novel application to accept and reject images based on their segmentation quality and in turn reduce the computation which may arise due to the automatic acquisition of a large number of images. The ensemble approach was not only applied at the image level but also at a lower -blob level. The final segmentations achieved through both the levels of segmentations were independently used to calculate mean nuclear line length and finally the volume-weighted mean nuclear volume (PSI-Vv) using unbiased stereological rules. A degree of class separability measure was calculated from the PSI-Vv values for each ensemble as well as the individual segmentations, and was used for performance evaluation. Both image and blob level ensembles gave better class separability values than the individual segmentations. By increasing the minimum blob size to 4000 the ensembles were able to separate nuclei of the normal cells from the cancer cells. The best results were given by ensemble approach 2 with the parameter settings for ImgSimThresh, MaxBlobSize and MinBlobsize of 55%, 40000 and 4000 respectively, which gave a class separability measure of 41.58. Hence, we demonstrated that the ensembles framework improved the results from the individual segmentations.
